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Abstract: Forested catchments are generally assumed to provide higher quality water. However,
this hypothesis must be validated in various contexts as interactions between multiple land use and
land cover (LULC) types, ecological variables and water quality variables render this relationship
highly complex. This paper applies a straightforward multivariate approach on a typical large
monitoring dataset of a highly managed and densely populated area (Wallonia, Belgium; 10-year
dataset), quantifying forest cover effects on nine physico-chemical water quality variables. Results
show that forest cover explains about one third of the variability of water quality and is positively
correlated with higher quality water. When controlling for spatial autocorrelation, forest cover still
explains 9% of water quality. Unlike needle-leaved forest cover, broad-leaved forest cover presents
an independent effect from ecological variables and explains independently 4.8% of water quality
variability while it shares 5.8% with cropland cover. This study demonstrates clear independent
effects of forest cover on water quality, and presents a method to tease out independent LULC effects
from typical large multivariate monitoring datasets. Further research on explanatory variables, spatial
distribution effects and water quality datasets could lead to effective strategies to mitigate pollution
and reach legal targets.
Keywords: physico-chemical water quality; land cover; land use; forests; agriculture; Wallonia;
Belgium; monitoring network; water framework directive; redundancy analysis
1. Introduction
Water is the most essential component for the life of all beings [1,2]. However, freshwater systems
and consequently human well-being are directly threatened by human activities [3–5]. In response
to the global degradation of ecosystems and their services, water quality management is at the core
of policies such as the European Water Framework Directive (Directive, 2000/60/CE) aiming at
maintaining or restoring the chemical, physical and biological integrity of surface and groundwater
bodies. Managing water quality is challenging and implies to deal with both point and non-point source
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pollutions. As non-point source pollutions result from complex run-off and landscape interactions,
they are more complex to identify than confined point source pollutions [6]. Land use and Land
cover (LULC) are key landscape elements affecting water quality through their impact on non-point
source pollution.
Previous studies attempting to address LULC impact on water quality broadly correlate urban
and/or agricultural LULC with poor water quality either at the catchment or riparian scale. These
represent water quality through several variables, but nitrate and phosphate, which are at the basis
of eutrophication problems, are the most studied. More specifically, Álvarez-Cabria et al. [7] model
three water quality variables (temperature, concentrations of nitrates and phosphates) in a watershed
located in Spain. Their results show that nitrate and phosphate concentrations were mainly related
to agricultural LULC and urban LULC, respectively. Chen et al. [8] show that urban land is the
dominant factor influencing nitrogen, phosphorus and chemical oxygen demand in highly urbanized
regions of a catchment located in eastern China but that agricultural land has the greatest influence
on nitrogen and phosphorus in suburban and rural areas. Yu et al. [9] also show direct and indirect
negative impact of urbanization and agricultural activities on water quality in an urban area of China.
De Oliveira et al. [10] assess LULC effect on nitrate, total ammonia nitrogen, total phosphorus and
dissolved oxygen in a Brazilian watershed. Their results (correlations) point out that urban areas and
agriculture/pasture tend to worsen water quality while some models (i.e., nitrate and total phosphorus)
were not valid. Hwang et al. [11] show that relationships between urban LU and water quality vary
according to the degree of urbanization. These studies are often specific to one or few catchments, treat
different water quality variables at different temporal and spatial scales but broadly show negative
impact of urban and agricultural LULC on water quality. These results are often presented in opposition
to forest cover associated with higher water quality.
Forest is one of the LULC that interacts the most with water, whether in terms of quantity or
quality, and consequently has an impact on hydrological services—which can be grouped into water
supply and water damage mitigation and viewed in terms of quantity, quality and timing [12–14].
Indeed, forests and forest soils alter, relative to other land uses and soil types, each of the five physical,
chemical and biological functions involving the reception, processing and transfer of water [15]. Forest
general impact on water quality, relative to other land uses, can be summarized as water with less
sediments and water with fewer nutriments [15,16]. Several studies state that forested catchments
tend to have more stable water quality conditions [17–19], but we did not come across any study that
quantifies this impact on several pollutants simultaneously, on a large scale and over a relatively long
period. In addition, one may question the validity of these hypothesized relationships under different
latitudes, at different temporal and spatial scales, under various management types, according to
different forest types (i.e., needle-leaved vs. broad-leaved forests). In addition, global changes affect
water quality and quantity and question the assumption that studies from last century can be used to
face future conditions [20]. Finally, Giri and Qiu [21] stress the importance of assessing the relationship
between LULC and water quality (see also Chauhan and Verma [22]), pointing out that improving our
understanding of these can help managing water quality in unmonitored watersheds but also that
this knowledge can provide guidelines to watershed managers and policymakers in the land planning
decision process.
In Wallonia (Belgium), few studies attempting to assess the impact of LULC and in particular
forest cover on water quality were published. Some specific studies related to the subject exist as
the assessment of variability of nitrate removal in riparian zones [23] or the in lab assessment of
temperature, throughfall volume and ammonium cation deposition impact on soil solution nitrate
concentrations, nitrous oxide emissions and numbers of ammonium oxidisers from a forest stand
soil [24]. Regarding nitrates, Sohier and Degré present a hydrological model for evaluating the
effectiveness of agricultural policy measures on nitrate concentration in surface and ground waters [25].
Different methods can be used to assess the relationship between water quality and LULC. Giri
and Qiu [21] classified these into three categories: monitoring, hydrologic/water quality modeling
and statistical modeling. Direct and real-time monitoring in the stream is expensive, time consuming,
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and ineffective for larger areas. Hydrological and water quality models used in several studies [26–28]
require vast amounts of data, are complex, costly and time consuming to calibrate, and therefore only
applied on one single or few catchments. Statistical methods tend to be simpler, easier to apply, and
more efficient than physically-based hydrologic/water quality models when observed data are limited
in time and when datasets are covering many different catchments [29].
Regarding this context, this study applies multivariate statistical methods to mine a regional
monitoring dataset from the highly managed and densely populated Walloon region (Belgium).
It provides a quantification of forest cover effect on several physico-chemical variables simultaneously.
More specifically, this paper:
i. Analyzes the link between sub-catchments’ LULC and the legal status of in stream
water quality;
ii. Quantitatively assesses the link between forest cover and nine water quality variables, verifying
spatio-temporal variability;
iii. Quantifies the independent effect of forest cover types (i.e., needle-leaved and broadleaved
forests) on water quality relatively to effects of other LULC.
This study develops a novel approach, replicable in space and time, based on easily accessible
public data (public monitoring network data directly linked to the Water Framework Directive and
LULC data), and using powerful but simple statistical methods ran in open source statistical software
(R stat, [30]).
2. Materials and Methods
2.1. Study Area
The study area is the southern region of Belgium (Wallonia) covering 16,902 km2 (ca. 55% of
Belgium’s area, see Figure 1). We work on the publically managed river network and in particular on
362 water quality stations monitored for the Walloon Public Service (WPS [31], Figure 1).
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Population density in Wallonia is 202 inhabitants per square kilometer and, with hardly less than
1% of the territory beneficiating of a natural reserve status, all landscapes are mostly managed or
perturbed by human activities. Main LULC are agriculture land (52%) comprising grassland (30%) and
cropland (22%); forests (30%) split into needle-leaved (13%), broad-leaved (16%) and mixed forests
(1%); and artificial surfaces (10%) (see LULC dataset, Section 2.4 and Figure 2). Cropland cover is
mostly located in the North of the region and at a low elevation while forests (especially needle-leaved
forests) are located in the South at a higher elevation. In the studied sub-catchments (see delineation
method below), the most represented LULC classes are forests, grassland and cropland (see boxplot in
Supplementary Materials Figure S1).
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(Picea abies) but also Douglas fir (Pseudotsuga menziesii), larches (Larix sp.), and pines (Pinus sylvestris 
and P. nigra)), in even-aged stands conducted with systematically clear-cuttings, and high drainage 
infrastructure on wet soils. In the last century, forests in Wallonia have suffered from large inputs of 
sulfur and nitrogen through acidic rainfalls. Even if this phenomenon has been declining since 1990, 
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Figure 2. Land use and land cover (LULC) in Wallonia.
Intensive agriculture impacts water quality through the use of mineral fertilizer, in particular
nitrog (N) and phosphorus (P), causing eutrophication and drinking water quality degradation.
Even if decl ing since 1990, inputs of nitrogen and phosphorus w re still above the European av rage
in 2001 [32,33]. Nitrogen still exceeded (about double) the European average in 2012 while phosphorus
decreased to around half of the European average.
Regarding species composition, broad-leaved forests are largely dominated by oaks (Quercus
robur and Q. petraea) and beech (Fagus sylvatica) but other species such as birch (Betula pendula), ash
(Fraxinus excelsior), maple (Acer pseudoplatanus), and hornbeam (Carpinus betulus) are also present [34].
Needle-leaved forests are very intensively managed with the use of exotic species (mainly spruce
(Picea abies) but also Douglas fir (Pseudotsuga menziesii), larches (Larix sp.), and pines (Pinus sylvestris
and P. nigra)), in even-aged stands conducted with systematically clear-cuttings, and high drainage
infrastructure on wet soils. In the last century, forests in Wallonia have suffered from large inputs of
sulfur and nitrogen through acidic rainfalls. Even if this phenomenon has been declining since 1990, it
affected forests during the studied decade [32].
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2.2. Workflow
The overall methodology is illustrated in Figure 3 and described below. The first section describes
the physico-chemical water quality dataset processing. Secondly, the delineation of sub-catchments
and LULC characterization are explained. Finally, the methodology to assess the link between forest
cover and water quality is presented. In this last part, we detail the following analyses: the link
between forest cover and WFD standards, the quantification of the forest cover effects on water quality
and spatio-temporal aspects, and, finally, the partitioning of the LULC effect on water quality between
forest types and LULC and their shared effects while controlling for ecological gradient.
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2.3. Physico-Chemical Water Quality
Physico-chemical water quality was studied through selected variables (Table 1) from the
monitoring performed by the WPS. We processed data from 10 hydrological years (October 2004
to September 2014). The hydrological year—i.e., the annual base period—is temporally defined by the
period from October to the following September and corresponds to the natural hydrological cycle [35].
We selected 362 stations from the monitoring network dataset of the WPS. The selected stations
are characterize by an upstream catchment that can e extracted automatic ly from a digital elevation
model. Cons quently, artificial water bodi s such as artificial canals hydrologically disconnected or
crossing watersheds were xcluded. Moreover, we excluded stati ns wh se upstream catch ents are
partially located outside Wallonia. In order to maximize the number of multipl observations and still
fit to seasonal vegetation development, we averaged water quality variables’ values by season and by
station. Following Brogna et al. [13], seasons were delineated according to vegetation development
and rainfall distribution, splitting the year into a “non-vegetation season” (October–March) and
a “vegetation season” (April–September). Among the water quality variables monitored by the
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administration, variables were excluded: (1) if the Pearson correlation coefficient exceeded 80%
to exclude highly redundant variables for multivariate analysis purposes [36]; or (2) if missing data
exceeded 5% of the dataset (not to lose too many sampling dates in the multivariate table). Thus, 9 out
of 16 variables were analyzed in this study (Table 1).
Table 1. Physico-chemical variables investigated.
Quality “Group” Variable Unit
Oxygen balance Dissolved Oxygen DO (mgO2/L)
Dissolved Organic Carbon DOC (mgC/L)









The seasonal dataset consists of a 9 variables × 3793 observations (related to 362 stations)
table. We excluded values that exceeded the 99th quantile as they are outliers representing incorrect
values. We applied Log- or square-based transformations when improving the normality of variables’
distribution was needed. We computed the percentage of times the monitoring station was classified
as “good status” (i.e., good or high status according to WFD) and linked this legal status to land cover.
This dataset was also used as input to study the link between forest cover and water quality and test
the influence of the stream size effect and temporal (seasonal and year) effect.
Following the results of the temporal effect analysis, we built an aggregated dataset.
We aggregated variables’ values by station over the entire 10-year dataset using two aggregation
function types: the 90th quantile (and 10th quantile for the dissolved oxygen variable) and the median
values. As results were highly similar, we only present the median aggregation results. Again, we
applied Log- or square-based transformations improving the normality of variables’ distribution was
needed. We used this dataset to quantify the independent effect of forest cover and forest cover types
(i.e., needle-leaved and broadleaved forests) on water quality relatively to effects of other LULC.
2.4. Land Use and Land Cover Data
Different spatial units can be considered in order to study the impact of land cover on water
quality study. Some authors consider the entire upstream catchment as the spatial unit of LULC
reference [37]. Others use the riparian zone (i.e., a buffer around the stream) to characterize the
land cover impacting water stream quality [38]. Both approaches have some drawbacks. Indeed,
when considering the upstream catchment in non-spatial statistical methods, the same importance
is given to points irrespective of their distance to the monitoring station ignoring processes such as
the self-purification of the stream. On the other hand, Giri and Qiu [21] point out problems with the
riparian zone approach such as the absence of a uniform way to define its width or the fact that this
zone does not represent nor behave ideally in terms of hydrological variation in the landscape. Pratt
and Chang [39] also state that while riparian land cover affect water quality, a wider contributing area
must be included to take into account distant sources of pollutants.
In this study, the area associated with the monitoring station is the intersection of the
upstream catchment station (automatically extracted from the ERRUISSOL digital terrain model
http://geoportail.wallonie.be) with the monitored surface water body defined by the WPS. This
spatial unit of reference is thus directly based on the Walloon surface water body delineation which
is the basic unit area for water quality assessment in line with the WFD directive [40]. This water
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body delineation already integrates different variables as catchment size and hydromorphological
parameters. In addition, this choice overcomes some above-mentioned drawbacks while providing a
clear “rule” to apply across the whole region. This spatial unit of analysis will be further referred to as
“sub-catchment”.
We used the Top10VGIS land cover data set provided by the Belgian National Geographic Institute
(NGI, www.ngi.be) to characterize the land cover of the sub-catchments. This vector data set covers the
whole of Belgium. It is based on the NGI topogeographic data that classify LULC into 37 classes. For the
purpose of our study, we either selected the original land cover classes as such or aggregated them to
end up with seven classes of interest: needle-leaved forest, broad-leaved forest, cropland, grassland,
artificial surfaces, water surfaces, shrubs-heathlands and moorlands. We computed percentages of
these classes in each sub-catchment. Following Brogna et al. [13], we assumed that the evolution of the
retained classes in the region was minor throughout the studied decade.
To relate the LULC to water quality, we intersected the Top10VGIS dataset with each
sub-catchment. To control the natural correlation between percentages of LULC variables, we
constructed independent LULC variables by running Principal Component Analysis (PCA) on the
main land cover classes’ percentage in the sub-catchments (i.e., needle-leaved forest, broad-leaved
forest, grassland and cropland). We ran these PCA on standardized data, and extracted the stations
coordinates on first and second components as independent LULC variables (i.e., LULC1 and LULC2).
2.5. Coupling Forest Cover and Water Quality
First, we performed a preliminary analysis on the seasonal dataset to assess the link between
the main LULC of the region and the percentage of time over the decade each monitoring station
was classified as “good status” according to current standards [40]. This provided a comprehensive
picture of the relationships between LULC and policy standards for each water quality variables group
(see Table 1). A station was considered in “good status” if it was classified as such for every component
of the water quality variables group (see Table 1).
Then, we quantified the relationship between forest cover and physico-chemical water quality
by applying a redundancy analysis (RDA, see Legendre and Legendre [41], R package vegan [42])
on LULC independent variables resulting from PCA (see above). This multivariate analysis allows
capturing the linear relationship between dependent variables (i.e., physico-chemical variables,
referred to as WQ in equations) and a matrix of explanatory variables (i.e., sub-catchments land
cover variables). This analysis thus quantifies the percentage of water quality variability explained by
LULC variables [42]. It allows quantifying and excluding the variability explained by certain covariates
(e.g., season, year, upstream catchment area). We ran these RDA on centered and scaled variables
because of the heterogeneity of the water quality variables units.
Analysis of the seasonal dataset explains the WQ matrix by the linear combination of the main
land cover classes of interest:
WQ ~ LULC1 + LULC2 (1)
where WQ = matrix of physico-chemical measurements (see Table 1); and LULC1 and LULC2 =
independent LULC variables derived from the land cover PCA (i.e., sites scores on the first two axes of
the LULC PCA).
However, following the interpretation of this first RDA, we simplified both the analysis and the
results’ reading by applying an RDA directly on the percentage of forest cover in the sub-catchments
(see Section 3.2).
WQ ~Forest (2)
where WQ = matrix of physico-chemical measurements (see Table 1), and Forest = percentage of forest
cover in the sub-catchment (i.e., the sum of needle-leaved, broad-leaved and mixed forest percentage).
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We tested the effect of the river size, directly linked to the discharge, to verify our choice to work
with pollutant concentrations rather than loads, by putting it as covariate in the partial RDA under the
proxy of whole upstream catchment area.
WQ ~ Forest + Condition (upstream catchment area) (3)
We also tested the impact of temporality while considering the season, year and their interaction
as covariates.
WQ ~ Forest + Condition (season + year + season × year) (4)
Following the analysis of the temporal variability impact, we ran the same analysis (Equation (2))
on aggregated water quality values (median value by station over the 10 years).
As spatial autocorrelation often explains an important part of biological structures [43], we
partially controlled it by using “elevation” as covariate when quantifying the forest cover effect on
water quality (Equation (5)). Indeed, there is a strong continuous ecological gradient in Belgium, that
is highly correlated to elevation [44,45]. Dufrêne and Legendre [44] show that elevation, although
not exceeding 700 m in Belgium, explains almost all the geographic structure of several ecological
variables given their spatial autocorrelation.
WQ ~ Forest + Condition (Elevation) (5)
Finally, we distinguished effects from needle-leaved and broad-leaved forest covers while
capturing the shared effects between LULC classes and distinguishing those from the elevation
effect. We therefore ran several RDA with elevation as covariate and a variation partitioning between
most important LULC and elevation [41]. The latter method divides the explained variance of a dataset
between partial effects (i.e., the proportion of variation explained by a particular variable) and shared
effects (i.e., variation that cannot be attributed to one variable but is shared between two or more).
3. Results
3.1. Forest Cover Versus Legal Standards
Figure 4 shows the biplot of the PCA ran on the main land cover classes’ proportions at the
sub-catchment level. The first two components explain 80% of the variability of the data set. The
first component (LULC1), which explains 47.6% of the dataset variability, opposes grassland and
cropland on the one hand (negative side), and needle-leaved and broad-leaved forests on the other
hand (positive side). The second component (LULC2) explains 32.4% of the dataset variability and is
mostly based on an opposition between grassland (positive side), and broad-leaved forest and cropland
classes (negative side). Figure 4 illustrates the percentage of times that each monitoring station was
classified in “good status” throughout the studied decade following current WFD standards (seasonal
values). Except for the “mineralization” group (i.e., sulfates and chlorides) for which all stations are
100% of the time in “good status”, we observe a clear gradient linked to LULC. Regarding nitrogenous
material (i.e., nitrates, nitrites and ammonium), the majority of stations that, most of the time, do not
reach the “good status” have high cropland or grassland cover. Moreover, very few stations with high
cropland cover are classified as “good status”, even for part of the decade. The same trend—even if
less strong—is observed for the total phosphorus standards. Regarding oxygen balance (i.e., dissolved
oxygen and dissolved organic carbon), stations that, most of the time, do not reach the “good status”
are linked to high cropland cover (with a relatively important grassland cover).
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studied sub-catchments. Colors represent the percentage of time the station was classified in “good
status” according to current Water Framework Directive standards regarding: (A) the “nitrogeneous
material” group (i.e., nitrates, nitrites and ammonium); (B) total phosphorus; (C) the “oxygen balance”
group (i.e., dissolved oxygen and dissolved organic carbon) and (D) the “mineralization” group
(i.e., sulfates and chlorides).
3.2. Forest Cover Versus Multivariate Water Quality
Redundancy analysis on s asonal water quali y values (Equat on (1)) and LULC independent
vari bles (see Figure 4) show d th t the fir constrained axis exp ains 43% of the water quality
variability, and the second one explaining less than 1% of the water quality variability. This first axis
is highly correlated to forest cover in sub-catchments. Consequently, following RDA in this study
are directly based on forest cover percentage in sub-catchments. Table 2 (seasonal dataset) shows the
percentage of variability explained by forest cover in these RDA either considering the forest cover
only or removing some effects through the use of covariates. Temporal, river size and elevation effects
have thus been removed successively. We applied permutation tests to each model produced in this
study and all the presented models are significant.
Forest cover explains 29.6% of the seasonal physico-chemical water quality. The upstream
catchment area effect is independent from the forest cover effect (shared effect of 0.3%) and explains
0.5% of the total variability of water quality. Temporal effect is also independent from the forest cover
effect (shared effect of 1.2%) and explains 7% of total water quality variability. Consequently, we
present below, and in the second part of Table 2, results from the aggregated dataset.
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Table 2. Redundancy analysis results for seasonal dataset (October–March and April–September) and
aggregated dataset (median value over the study period): variability (%) explained by forest cover, by
covariates and shared effects.
Redundancy Analysis Covariate(s) Variability Explainedby Forest Cover (%)
Variability Shared between Forest




No covariates—[Equation (2)] 29.6 - -
Covariate: upstream catchment
area—[Equation (3)] 29.3 0.3 0.5
Covariates: season + year + season ×
year—[Equation (4)] 28.4 1.2 7
Aggregated dataset
No covariates—[Equation (2)] 33.8 - -
Covariate: Elevation—[Equation (5)] 9.3 24.5 12.9
Results of RDA (Equation (2)) on the aggregated dataset show that forest cover explains 33.8% of
the water quality variability (see Table 2, aggregated dataset). Figure 5A–C presents these results in a
factorial plan constituted by the constrained axis (RDA1) and the first residual axis (PC1).
Figure 5A shows the correlation circle of the RDA with “active” variables (water quality variables)
and the constrained variable (forest cover percentage in sub-catchments). Forest cover is clearly
linked to high stream water quality. Indeed, Dissolved Oxygen is positively correlated to forest
cover while Ammonium, Nitrites, Total Phosphorus, Sulfates and Chloride concentrations are highly
negatively correlated with forest cover. Dissolved Organic Carbon, pH, and Nitrates are also negatively
correlated to forest cover but to a lesser extent. Figure 5B present the correlation circle from the RDA
with both the constrained variable (i.e., forest cover) and “passive” variables (i.e., LULC classes and
elevation). The constrained variable is obviously positively correlated with needle-leaved forest cover
and broad-leaved forest cover in a less extent and inversely correlated to cropland cover. Grassland
cover hardly contributes to the constrained axis. Figure 5C shows the position of stations in the same
factorial plan. Elevation is also correlated with this constrained axis and RDA (see Table 2, aggregated
dataset) shows that forest cover still explains 9.3% of water quality variability when the shared effect
with elevation is removed. This is taken into account and refined in Section 3.3.
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3.3. Independent and Shared Effects of LULC Classes (Included Forest Type Distinction)
Results of RDA explaining water quality dataset with, on one the hand, each LULC class
as constrained variable and, on the other hand, the same analysis but controlling for spatial
autocorrelation (elevation as covariate) are presented in Table 3.
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Table 3. Independent effect of main LULC (with distinction between forest types) on water quality and
effect when removing shared effect with elevation, F and p values of the models.
Independent Effect with Elevation as Covariate
Constrained variable—LULC (%) in sub-catchments % F p % F p
Needle-leaved Forest 29.3% 148.5 0.001 *** 2.3% 13.7 0.001 ***
Broad-leaved Forest 12.1% 49.4 0.001 *** 10.9% 75.2 0.001 ***
Cropland 38.7% 226.1 0.001 *** 7.9% 51.8 0.001 ***
Grassland 1.2% 4.5 0.013 *** 1.9% 11 0.001 ***
Note: ***: highly significant.
Regarding forest types effect, needle-leaved forest cover explains water quality much more
(29.3% versus 12.1%) than broad-leaved forest but is highly correlated with elevation, as is cropland
cover. Indeed, when removing shared effect of needle-leaved forest cover with elevation, the explained
proportion drops from 29.3% to 2.3%. On the contrary, broad-leaved forest cover effect is stable
and independent from the ecological gradient; this LULC class explaining the most (10.9%) when
removing the elevation effect. As expected (see Figure 5B), grassland cover hardly explains water
quality variability.
Variation partitioning (see Figure 6) splits the variation of water quality dataset into independent
effects of LULC classes and elevation (i.e., the proportion of variation that is not shared with
other variables) and shared interactions (i.e., interaction that cannot be attributed to a single
class). Needle-leaved forest and broad-leaved forest independently explain 4.8 and 1.8% of the total
water quality variability, respectively. Broad-leaved forest cover shares 5.8% of explained variability
with cropland but only 0.8% with elevation. An important part of variability (21.3%) is shared by
needle-leaved forest, cropland cover and elevation, whereas less than 1% is shared by broad-leaved
forest, cropland cover and elevation.
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4. Discussion
4.1. Forest Cover and Water Quality
This study assesses the link between forest cover and water quality data at the regional scale,
by applying straightforward multivariate statistics on a large monitoring dataset. The analysis
of sub-catchment’s LULC and the legal water quality status of streams (objective (i)) shows that
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sub-catchments with high forest cover tend to achieve “good status” over the studied decade more
often than sub-catchments with high cropland and/or grassland covers. This is especially true for
nitrogenous material and testifies that, despite the decrease in N input in agriculture since 1990,
WFD target of “good status” is not yet fully reached. Sub-catchments with high grassland and
cropland covers are also from far more polluted regarding phosphorus than forested sub-catchments.
Nevertheless, stations with good phosphorus status are more frequent than in the case of nitrogenous
materials. This analysis presents the advantage of providing an easily readable picture of the state of
each station regarding water quality legal framework in relation with the LULC in its sub-catchment.
This could provide a basis for further analyses to mitigate effects on water quality through improvement
of catchment management. Indeed, some stations record unexpectedly high or low water quality in
contrast to stations with similar LULC upstream signature. If an unexpected high water quality can be
linked to particular practices or land planning measures, this could help managers to come up with
locally relevant solutions.
Several insights were derived from the quantitative assessment of the link between forest
cover and quality variables (objective (ii)). First, river size did not significantly affect the statistical
relationship between LULC and water quality data. This allows aggregation of data from the entire
monitoring network, with a high diversity of catchment sizes and thus discharges. It also justifies
the use of concentrations instead of loads, unlike some authors such as de Oliveira et al. [10] suggest.
This renders the methodology less complex and more easily replicable on a such large numbers of
sampling stations. Second, seasonal and between-year effects were insignificant across the full decade.
This entails that the link between LULC and water quality reflects a background “multi-pollutants”
load that can be considered as temporally stable. A potential seasonal effect as observed in other
studies on particular relationships between particular variables and LULC [7,8] might have been
mitigated as the developed method treats several water quality variables together and as seasonal
values are averaged values. For studies aiming to clearly focus on seasonal effects, we recommend
specific and regular spatio-temporal sampling while focusing on homogeneous groups of pollutants
regarding their seasonal variability (see e.g., Johnson et al. [46]). Analysis of the aggregated dataset
over the studied decade showed that forest cover explains one third of the median water quality
variability. Using elevation effect as a proxy for various environmental variables and as a mean for
controlling spatial autocorrelation, we demonstrated an independent forest effect of 9.3%. Specifically,
in this densely populated region with highly managed landscapes and forests, sub-catchments which
are dominated by forest, and have lower agriculture and grassland cover, provide water with higher
oxygen availability and lower concentrations of Ammonium, Nitrites, Nitrates, Total Phosphorus,
Sulfates and Chloride and Dissolved Organic Carbon. This is confirming previous main findings
and reinforcing papers stating that forest cover is associated with higher water quality [17–19]. Main
processes underlying these results are linked to the protection against erosion resulting in water
with less sediments and fewer nutriments [15,16] which is also due to lower pressures compared to
agricultural and urban land uses.
Finally, using the power of both a large monitoring dataset and multivariate statistics, we
quantified the partial effect of forest cover types (i.e., needle-leaved and broadleaved forests) on
water quality and shared effects with other LULC and environmental variables represented by the
elevation variable (objective (iii)). This study empirically confirms a clear effect, independent from
elevation, of broad-leaved cover on water quality (10.9%). The important effects of needle-leaved forest
(29.3%) and cropland cover (38.7%) are largely shared with elevation and can therefore not be proven
as independent effects. Regarding shared effect between different LULC classes and elevation, our
analysis shows that broad-leaved forest and needle-leaved forest independently explain 4.8 and 1.8%
of the total water quality variability respectively. Broad-leaved forest cover shares 5.8% of explained
variability with cropland but only 0.8% with elevation. The biggest part of the explained variability is
shared by needle-leaved forest cover, cropland cover and elevation (21.3%). A part of this variability is
surely linked to forest cover effect but cannot be attributed to it.
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4.2. Strengths and Limitations of the Study
Some limitations of this approach can be pointed out: (i) the methodological design and data
used do not allow for isolating quantitatively a potential “active” effect of the forest (i.e., water
purification per se) from the “passive” one being directly linked to the pressure degree of each LULC.
(ii) The advantage of capturing the relationships between several water quality variables and forest
cover implies that: (a) water quality variables with less frequent measurement during the studied
decade could not be studied as they would have drastically reduced the number of observations; and
(b) conclusions remain rather general and do not allow to discuss one particular variable in detail.
However, we believe this approach has the following strengths: (i) it is based on public monitoring
network data (several annual measurements for the processed pollutants) linked to the WFD and
monitored in many other countries; (ii) as we did previously [13], we based this analysis on “real-life
catchments” making conclusions more complex to draw but allowing for studying this phenomena at
a regional scale and provide land planners with insights potentially contributing to a more sustainable
resource management; and (iii) we applied a straightforward statistical approach, easier to apply and
more efficient than physically based hydrologic/water quality models when observed data are limited
in time but when datasets cover many different catchments. Furthermore, this statistical approach
allows quantifying the effect of land cover on several pollutants concomitantly while controlling for
autocorrelation and ecological factors, allowing for comparison between them. Finally, the statistical
method was implemented in open source statistical software (R), which eases the replicability in other
regions and/or through time.
5. Conclusions
Our study demonstrates significant effects of forest cover on water quality, disentangles
independent and shared effects of correlated LULC categories while controlling for autocorrelation,
and applies a method to mine large monitoring datasets. Capturing effects of land cover on several
water quality variables at the same time from measured data allows for comparison between them.
This contributes to validation and refining of the hypothesis that forests improve water quality.
Further research could focus on measuring direct LULC change impacts on water quality in
study areas where more detailed and regularly updated land cover datasets are available. In addition,
spatial information on land use practices could be further integrated into the analysis to enrich
the interpretation. LULC effects can also be studied in more detail by taking into account spatial
heterogeneity through landscape metrics studies, as some authors did [18,47,48], or, e.g., focusing on
specific locations or types of forest such as riparian forests. Study of residuals and outliers could bring
to light how catchment management can mitigate effects on water quality, as there are sub-catchments
where water quality is unexpectedly high or low based on its LULC profile. Finally, similar analyses
could be performed with biological water quality data, such as with macroinvertebrate [49] or diatom
indices, which would bring complementary information.
The approach presented here, replicable in time and space, has a large application potential.
First, it uses the publicly funded standard monitoring data linked to the WFD. Second, the analysis is
based on “real-life” sub-catchments reflecting LULC heterogeneity and based on WFD water bodies,
providing land planners and decision makers with directly applicable insights. Finally, we applied
a straightforward statistical analysis, which are simpler, easier to apply, and more efficient than
physically-based hydrologic/water quality models.
Supplementary Materials: The following is available online at www.mdpi.com/2073-4441/9/3/176/s1,
Figure S1: LULC percentages in the sub-catchments with NL F needle-leaved forest, BL F: broad-leaved forest, S:
Surfaces and MH: shrubs-heathlands and moorlands.
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